Fire events contribute to landscape pattern at multiple spatial and temporal scales, and a landscape perspective can provide relevant information for assessing how a changing fire regime will influence pattern-process dynamics. We investigated how the amount and spatial arrangement of high-severity patches varied among 20 fires that occurred in Arizona and New Mexico, USA, across gradients in fire size and climate. The climate gradient was based on the Multivariate El Niño Southern Oscillation Index. In the southwestern US, cool dry conditions are prevalent in La Niña at one extreme, and at the other end, warm wet conditions occur in El Niño. Fires were generally larger in La Niña climates; however, several fires deviated from this trend. Moreover, some spatial properties of severity did not correspond to fire size or to changes in climate. Within the nine largest fires, we analyzed the influence of landscape characteristics defined by topographic discontinuity on spatial patterns of fire severity. Characteristics of topography altered spatial patterns of severity at some places within all the nine fires, and we identified thresholds where small changes in terrain resulted in dramatic effects on severity. From a management perspective, consideration of the spatial configuration of severely burned areas can help qualify judgments based on fire size or severity composition alone by linking pattern to ecological processes of interest. Furthermore, examination of individual fire events could lead to identification of climate contexts in which fires can meet management objectives for sustainable forests.
INTRODUCTION
Fire events contribute to landscape pattern at multiple spatial and temporal scales (White and Pickett 1985) . Determining the effects of a particular event is contingent upon understanding the spatial heterogeneity of landscape pattern, the way spatial pattern changes through time, and the traits of species and communities that determine critical thresholds for dramatic shifts in composition and function (Romme et al. 1998) . Studies of ecosystems across the western US suggest that climate conditions are altering the extent and severity of fires (Grissino-Mayer and Swetnam 2000 , Westerling et al. 2006 , Littell et al. 2009 . A landscape ecological perspective can provide relevant information for assessing how this changing fire regime will influence pattern-process dynamics in systems where equilibrium conditions are unlikely (Pickett et al. 1992) .
In forested ecosystems of Arizona and New Mexico, USA, some recent fires are larger and more severe (i.e., include extensive areas of tree mortality) than those documented historically (but see Whitlock 2004 and Margolis et al. 2007) . Past studies in other regions have demonstrated that larger fire size can be accompanied by increased severity; however, size and configuration of burn patterns generate highly heterogeneous landscapes in many cases (Collins et al. 2007 , Lutz et al. 2009 ). Large fire events exhibit a wide range of ecological responses, and impact does not always increase with extent (Romme et al. 1998) .
The first objective of our research was to learn how spatial patterns of severity change across gradients of fire size and climate. We examined a set of fires that occurred in northern Arizona and New Mexico, where extensive surface and stand-replacing fires have been associated with severe drought (Grissino-Mayer and Swetnam 2000, Margolis et al. 2007) linked to the El Niño Southern Oscillation (Swetnam and Betancourt 1998) . The characteristics of individual fires hold important implications for ecosystem change at broad scales, but more local processes, including plant succession, respond to spatial heterogeneity at finer scales within a fire event. In particular, the spatial patterns of biological legacies strongly influence regeneration of ponderosa pine (Pinus ponderosa C. Lawson) and other plants that are limited by dispersal abilities, while other life history strategies can be successful under a wider range of landscape configurations (Haire and McGarigal 2008) . Landscape patterns, including topographic and physiographic features, can influence behavior of fire, resulting in greater heterogeneity of fire severity Romme 1994, Baker 2003) .
Thus, our second objective was to determine how local landscape patterns of topography influenced severity within fires that burned under different climates. Following the model developed by Turner and Romme (1994) , we expected terrain effects to be predominant during moderate climate conditions; in extreme conditions, high landscape connectivity of fuels (e.g., from either continuous fuels or high winds) would lead to severe fire even in rugged terrain. In addition, we used a flexible modeling approach to identify thresholds where severity decreased or increased across a gradient in topography complexity. Previous studies of topographic effects on fire have focused on burn probability (Miller et al. 2008) , fire behavior and spread (Rothermel 1983 , Yang et al. 2008 and fire occurrence (Kellogg et al. 2008, Stambaugh and Guyette 2008) . Our study focuses on the spatial heterogeneity of fire severity as a response to changes in topography.
METHODS
We selected 20 fires from databases developed and maintained by the Santa Fe National Forest, New Mexico; Bandelier National Monument, New Mexico; Kaibab National Forest, Arizona; and Grand Canyon National Park, Arizona ( Figure 1 ; Table 1 ). The criteria for inclusion were: 1) size >100 ha; 2) ponderosa pine forest comprised a portion of pre-fire cover types; and 3) available aerial photography, satellite images, and field data were sufficient to map fire severity. We identified and mapped four older fires (pre-1980) that fit these criteria, five New Mexico fires that burned in 1996 to 2000, and 11 Arizona fires that occurred in 1996 to 2004 (Table 1) . Without considering limita-tions imposed by availability of remotely sensed and field data, the 16 recent fires represented 22.5 % of the eligible fires (n = 71) in the Forest Service and National Park Service databases. The recent fires included a range of sizes, from relatively small (e.g., the Nicole and Summit fires were less than 200 ha) up to the largest fire in the aforementioned time periods, the Cerro Grande Fire, which was 17 349 ha. We determined the occurrence of ponderosa pine forests within burned areas using data from the Southwest Gap Analysis (http://fwsnmcfwru.nmsu.edu/swregap/) and local land management databases (i.e., Kaibab and Santa Fe national forests, Bandelier National Monument, and Grand Canyon National Park). Especially in the case of larger fires, the burned area encompassed a gradient of forest types that generally corresponded with changes in elevation. At the lowest elevations, piñon-juniper (Pinus edulis Engelm.-Juniperus spp. L.) woodlands were common; ponderosa pine forests appeared as elevation increased. At the highest elevations, forests were composed of two or more species including ponderosa pine, Douglas-fir (Pseudotsuga menziesii [Mirb.] Franco), white fir (Abies concolor [Gord. & Glend.] Lindl. ex Hildebr.), Englemann spruce (Picea englemanni Parry ex Engelm.), and quaking aspen (Populus tremuloides Michx.).
We obtained aerial photography of sufficient quality to distinguish recently burned areas for the four older fires (dates ranged from 2 yr to 6 yr post-fire; scale varied from 1:600 to 1:24 000). High severity was defined as areas with complete tree mortality, identified when charred soil or other blackened surfaces, and when standing or down dead trees were visible in forest openings. All other areas were classified as lower severity, and could include low, moderate, or mixed effects, as well as unburned islands within the fire perimeter. We validated classification of high-severity areas (Key and Benson 2005) using ERDAS Imagine (Leica Geosystems Geospatial Imaging, Norcross, Georgia, USA). Burn severity was defined as a gradient of change based on a normalized index of Landsat bands 4 and 7, calculated using images collected within one or two years before and after the fire event (i.e., extended assessment; Key 2006) . The post-fire index subtracted from the pre-fire index produces the differenced Normalized Burn Ratio (dNBR), which can be used as a continuous measure of severity, or classified to relate to field conditions reflecting severity.
We chose to classify the dNBR to match the aerial photo interpretation of older burns with dates preceding satellite image availability. To that end, we examined aerial photography taken in 2002 and 2005 at random points to classify areas of severe burn for the Oso, Dome, and Nicole fires. For all other fires, we used available field data, either collected with FIREMON methodology (i.e., Composite Burn Index, Key and Benson 2005) , or with a method that applied a comparable rating of severity (N.B. Kotliar, US Geological Survey, unpublished data), all collected within two years post-burn. We performed a classification tree analysis (De'ath and Fabricius 2000) to determine thresholds of dNBR image values for the field and random point high-severity and lower-severity classes. The dNBR value, as well as its variance and mean in a 3 × 3 grid cell window (30 m resolution) around the random point or field plot center, were included as predictors in the classification trees. Minimum sample size for field or random point data was 40, and overall classification accuracy was ≥89 % across all fires.
Metrics used to quantify spatial heterogeneity reflected the two elements of landscape structure: composition (the relative amount of what is present) and configuration (the arrangement of spatial attributes on the landscape) (Turner et al. 2001 , McGarigal et al. 2002 . Our goal was to represent several variations on spatial configuration including aggregation at the cell (AI, CLUMPY) and patch (DIVISION) level. Core area (CAI_AM) was included because of its reflection of both patch shape and size (Table 2) . We defined increased severity by lower values for patch division and greater values for the remaining metrics. Our definition assumes that configuration of biological legacies, including seed sources, would be more scattered as configurations of high-severity patches became more contiguous, with larger patch sizes and more areas located far from an edge of lower severity. The spatial pattern metrics were calculated for each of the 20 fires (among-fires scale) and within a moving window that varied in size (within-fires scale: 500 m, 250 m, and 125 m radius) for the nine largest fires using FRAGSTATS (McGarigal et al. 2002) . The 20 fires occurred in varied climate contexts across the Multivariate El Niño Southern Oscillation Index (MEI) gradient (National Oceanic and Atmospheric Administration 2009), and the large size of the nine fires provided wide variability in topography.
At the among-fires scale, we derived several climate indices using the MEI. In the southern Rocky Mountains, El Niño years are characterized by wetter than average winter and spring, followed by drier than average La Niña years, in a 2 yr to 6 yr cycle. The MEI is a multivariate measure of the El Niño South-ern Oscillation signal, where negative values correspond to La Niña and positive values are associated with El Niño periods. The MEI is based on the first principal component of sealevel pressure, surface zonal and meridional wind components, sea surface temperature, and cloudiness observed over the tropical Pacific (Wolter and Timlin 1998) . The recorded monthly value (MEI) is an average of the principal component for the preceding two months. We derived climate indices by averaging the MEI at nine intervals preceding the detection date of each fire (i.e., 6, 12, 18, 24, 30, 36, 42, 48 , and 54 months prior), as well as by determining the MEI value for the month in which each fire was detected (Table 1) .
We used Generalized Additive Models (GAMs; Wood 2006) to explore relationships in the data. Ecological data often exhibit variations across environmental gradients (Guisan et al. 2002) ; therefore, we chose a flexible modeling approach. Generalized Additive Models were advantageous for our purpose because the solutions are data-driven and can range from simple linear (parametric) fits to highly complex smooths that require greater degrees of freedom for each term. We used the "mgcv" library implementation of GAMs (The R Project for Statistical Computing, http:// www.r-project.org), in which smoothing parameters are chosen to minimize a generalized cross-validation score, and overly complex models are prevented by a penalty imposed during maximum likelihood estimation (Wood 2006) . The models take the form ,
where the response was a severity metric (e.g., PLAND; Table 2 ), f was a smooth term, and x was either MEI or fire size (among-fires scale) or topographic complexity (within-fires scale). The smooth of x was plotted along with its 95 % confidence limit to explore patterns in the data.
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Spatial pattern metric Description PLAND Percent of the Landscape: proportional abundance of high-severity patches in the burned landscape; severity composition.
AREA_AM
Area-weighted mean patch size: the proportional area of each high-severity patch, based on total area of all high-severity patches.
AI
Aggregation Index: the number of adjacencies between high-severity cells, divided by the maximum possible number of adjacencies (0 % to 100 %). Equals 0 when there are no like adjacencies and 100 when all cells form a single, compact patch.
CLUMPY
Clumpiness Index: the proportion of adjacencies of high-severity cells, scaled to reflect its deviation from that expected under a spatially random distribution, facilitating comparison of high-severity cell aggregation among landscapes (range −1 to 1).
DIVISION
Division Index: based on the cumulative patch area distribution, DIVISION is the probability that two randomly chosen cells are not situated in the same high-severity patch (0 to 1). The value approaches 1 as the proportion of the landscape comprised of high severity decreases and as high-severity patches decrease in size.
CAI_AM
Core Area Index (Area-weighted Mean): percentage of the high-severity patch that is greater than 100 m from an edge of lower severity, summed for all high-severity patches. The index is scaled relative to proportional abundance of high-severity patches to enable comparison among landscapes. Table 2 . FRAGSTATS spatial pattern metrics chosen to quantify attributes of fire severity, with their abbreviations and descriptions (McGarigal et al. 2002) .
First, at the among-fires scale, we determined which of the MEI-derived indices had the best linear correlation to fire size. Then we modeled the relationship, using GAMs, between a) fire size and the best (most correlated) climate index, b) severity pattern metrics and fire size, and c) severity pattern metrics and the best climate index. When relationships were extremely variable at this scale, we increased the penalty for complexity in the smoothing parameter, which reduces wiggliness and thereby emphasizes general trends.
At the within-fires scale, we developed GAMs to quantify changes in severity across gradients of topographic discontinuity (hereafter synonymous with complexity or heterogeneity). Topographic complexity was modeled by calculating the variance of elevation values (1 min National Elevation Dataset; US Geological Survey 1999) within the moving windows using the focal function in ArcInfo (Environmental Systems Research Institute, Redlands, California, USA). Using all of the moving window grids (severity and topographic discontinuity at three scales), we generated a random sample of grid cell values proportional to fire size for (GAM) modeling purposes (farleft column, Table 3 ). We evaluated the GAMs at each moving window scale to determine at what scale patterns of topography and severity were most related, and focused our interpretation on the scale with the greatest number of significant smooth terms (P ≤ 0.001) out of 54 models (i.e., 6 metrics × 9 fires). To aid interpretation of results, we identified landforms that defined topographic variability at each fire using maps from local land managers, US Geological Survey topographic quads, and knowledge we acquired during site visits.
RESULTS

Among-Fires Scale: Twenty Fires
Fire size was related to the MEI gradient; the greatest linear correlation was with the MEI 18 month mean (Pearson's r = −0.50). This relationship was somewhat weaker without the Cerro Grande Fire (r = −0.39), but generally held for all intervals up to and including 24 months. Intervals further out from the fire date had little correlation to fire size (Pearson's r ranged from −0.15 to 0.15). The GAM smooth curve exhibited a significant decrease across the 18 month mean (Figure 2 ; P = 0.02, deviance explained = 41.4 %). The confidence interval at the El Niño end was wide, due to the single fire at that end of the climate gradient (Oso Fire 1998). Two relatively large fires occurred midway along the gradient (Dome Trends in severity were related to fire size in some cases, but models were weaker than that of fire size and climate. We set a significance threshold of P < 0.2 so that we could present some examples of variability in severity among fires (Figure 3) . Composition of high severity (PLAND), area-weighted mean patch size (AREA_AM), and core area index (CAI_AM) generally increased with the total area burned. However, Cerro Grande, the largest fire, had a lower value for PLAND than some of the smaller fires, which resulted in a downward turn in the smooth curve. Another exception to the overall trend was the Saddle Mountain Fire, which was composed of 49 % high severity: an outstandingly large value for a fire that burned less than 5000 ha. Its areaweighted mean patch size (AREA_AM) was an extreme value on the size gradient as well (Figure 3 Table 3 . Results of the within-fire analysis for the nine largest fires, summarized for the 500 m radius window scale. Random sample of grid cells within each fire was chosen proportional to fire size. The description of climate context was based on MEI values and identification of major shifts in MEI (see Figure 5 ). Background geographic information describes the landforms that define topographic variability at each site.
Severity patterns corresponded to the climate gradient in only two cases: AREA_AM and CAI_AM (P < 0.2; Figure 4 ). These measures of severity tended to be greater at the La Niña end of the climate scale. The Oso Fire, however, had relatively high core area index for an El Niño fire. Values of greater magnitude for these metrics midway along the gradient, exemplified by Saddle Mountain Fire, were contrary to the overall trend.
Within-Fires Scale: Nine Fires
Severity had the strongest relationship to topographic heterogeneity at the broadest measured scale, based on GAMs. The number of significant smooth terms (P < 0.001) was greatest at the 500 m scale (52 out of 54); less than half of the GAMs had significant smooth terms at the 125 m and 250 m scales. At the 500 m scale, models for Oso Fire had the best fit, with topographic heterogeneity explaining up to 68 % deviance (Oso DIVISION; Table   3 ). Cerro Grande, Outlet, Dome, and La Mesa fires had at least one model with ≥20 % deviance explained. Models for Pumpkin, Viveash, Saddle Mountain, and Poplar-Big-Rose fires were poorer; most explained <10 % deviance.
The climate context for a majority of fires was defined by drought conditions during La Niña years preceded by a wetter El Niño period (Table 3; Figure 5 ). These fires included the four fires in year 2000, Saddle Mountain (1960), and Dome (1996) . The context of two fires placed them in more moderate climate scenarios: La Mesa Fire, which occurred in El Niño but was preceded by a multiple-year drought, and Poplar-Big-Rose, which occurred in and was preceded by El Niño. The Oso Fire of 1998 was the only burn situated within an extreme El Niño event.
A variety of landforms influenced topographic variability at the fires. Greatest variance in elevation at Cerro Grande, Dome, La Mesa, and Oso was associated with the interface of steep canyons and broad mesas that characterize their region of occurrence in northern New Mexico (Table 3 ). In addition, the extremely large area burned by Cerro Grande encompassed homogeneous topography at lower elevations and more variable topography as elevation increased.
The Arizona fires with the most similar topography were Outlet and Poplar-Big-Rose, which were located on the Kaibab Plateau, north of the Grand Canyon. Streams were the main source of variation in topography at both of these sites, which were otherwise fairly homogeneous. Pumpkin and Viveash were in unique situations compared to other fires; Pumpkin burned Kendrick Mountain, which is part of the San Francisco Mountains volcanic field, and Viveash is at the southern end of the Sangre de Cristo Mountains. Topographic variability at both Pumpkin and Viveash increased due to very steep slopes; at Viveash, rivers and streams were also associated with complex patterns of topography. Saddle Mountain was another unique case, where Residuals are indicated with dots, and fire name labels are located at the lower right of the residual of interest, with the exception of Cerro Grande and Quartz. Although composition of burn severity (PLAND) and three aspects of burn severity configuration (AREA_AM, CLUMPY, and CAI_AM) generally increased with fire size, some fires deviated from this trend, e.g., the Saddle Mountain Fire.
rough terrain occurred along the edge of steep slopes that curve around flatter areas (i.e., scarp slopes or combs).
Fires that were similar in either climatic context or physiography did not necessarily exhibit comparable patterns across the gradient in topographic complexity (Figure 6 ). For example, severity declined after a threshold was reached at fires with similarities in topography but at opposite ends of the MEI gradient (Cerro Grande and Oso; Figure 6 ). The decline at Oso was influenced by few and scattered loca- . GAM smooth functions across the gradient in topographic complexity (shown on x-axis) at each of the nine fires. The y-axis is scaled by the smooth function of x, and dotted lines are 95 % confidence intervals. Cerro Grande, Viveash, Pumpkin, Poplar-Big-Rose, and Oso exhibited an increase in severity with topographic complexity at the lower end of the gradient (focus on area with concentration of sample points, i.e., as indicated on the x-axis rug). Severity decreased only at the extreme end of the gradient at Pumpkin and Oso, where points were more scattered. Severity at Outlet, Saddle Mountain, Dome, and La Mesa generally decreased with topographic complexity, with some areas exhibiting no change at Outlet and Saddle Mountain. Note: increased values of DIVISION (Outlet graph) correspond to lower severity by definition.
tions at the high end of the gradient. Two other New Mexico fires, La Mesa and Dome, did not exhibit the initial upward trend in severity of Cerro Grande and Oso. La Mesa was the only fire that showed a consistent negative effect of topographic complexity on severity; the overall downward pattern in the Dome model included fluctuations across the gradient, with a few locations driving a final, upward trend. Outlet and Poplar-Big-Rose, the Arizona fires with the most geographic similarity but diverse positions on the MEI gradient, showed downward trends over the region of the gradient with most data points (i.e., high density of points on the x-axis, Figure 6 ). Scattered locations across the remainder of the gradient resulted in a stable pattern at Outlet, and a widely-fluctuating pattern at Poplar-Big-Rose (note wider range of y-axis scale), which occurred in areas of high variability at the edge of the Grand Canyon. The increase in severity at low levels on the gradient observed at Oso and Cerro Grande appeared again at Poplar-Big-Rose.
The three fires with unique topographic characteristics but similar MEI context also differed in response patterns (Figure 6 ). At Pumpkin, severity increased until midway along gradient, at which point it declined steeply. Viveash exhibited widely fluctuating patterns until the highest end of the gradient, where its decline was influenced by scattered locations with extreme values. Saddle Mountain relationships were negative, and then stable, before a final negative turn.
DISCUSSION
Among-Fires Analysis
Our results led to three important findings at the scale of the 20 fires. First, relationships between the area burned by fires in the southwest and climate conditions, based on MEI, can include significant variability. For example, the Poplar-Big-Rose and Oso fires were exceptionally large, given their El Niño position on the climate gradient (Figure 2) . However, several of the larger fires in our study occurred as expected during the cool dry extremes of La Niña (i.e., year 2000), which often signals years of widely synchronous fires in the southwest (Swetnam and Betancourt 1998) . The strong El Niño of 1997-1998 likely played a role by increasing fine fuel production in ponderosa pine forests where fuel conditions can limit or promote fire (Schoennegal et al. 2004) .
The high level of variation we observed may be due to factors that are not necessarily related to MEI. Burning conditions, including wind, humidity, and temperature can inhibit or increase fire spread (Flannigan and Wotton 2001) . In addition, the effects of La Niña-El Niño cycles can be intensified by teleconnections with broader-scale climate conditions (Baker 2003) . Fires can become larger under favorable conditions, but landscape characteristics, as well as fire management may limit or increase area burned (Firefighters United for Safety, Ethics, and Ecology 2006; van Wagtendonk and Lutz 2007) .
Second, spatial properties of fire severity were either unrelated or less clearly related to fire size. Exceptions to overall trends that resulted in weaker models were well-illustrated by the smooth plots (Figure 3 ). For example, two of the largest fires, Poplar-Big-Rose and Cerro Grande, did not conform to the trend of increasing high-severity composition with fire size (Figure 3) . The moderate El Niño climate context of Poplar-Big-Rose could have influenced this outcome by creating moist fuels that were less conducive to fire spread over its approximately 60 days of burning (National Park Service 2003) . In contrast, our model results indicated that topographic variability resulted in lower severity at some locations at Cerro Grande, an extreme La Niña fire. Aggregation of high-severity cells and patch division did not relate to fire size; however, size of patches gen-erally increased with fire size (Figure 3 ). Larger overall size can accommodate larger patches, which in turn may include more core area.
Third, we did not find consistent trends in severity across the MEI climate gradient. The general decline in patch size toward wetter, El Niño climate was marked by several exceptions including Saddle Mountain and PoplarBig-Rose (Figure 4 ). In addition, the Oso Fire had one of the larger values for core area, indicating that fuel and burning conditions were conducive to severe burning even at the warm moist end of the MEI gradient. Fires on the opposite end of MEI often included extreme burning conditions favorable to high-severity fire (e.g., the Pumpkin Fire; Forest Service 2000). But the hot temperatures and strong winds recorded during some portions of the Oso Fire (National Oceanic and Atmospheric Administration 1998) illustrate the need to better understand how burning conditions, in the timeframe of the fire event, are related to a wide range of broader-scale climate measured by the MEI.
It is also possible that climate measured at more local scales would be more correlated to fire severity. For example, metrics such as snowpack have been shown to relate to fire size (Lutz et al. 2009 ). Furthermore, correlations between climate and ecological phenomena have been shown to vary with the scale at which climate is measured (Peterson and Peterson 2001) . Fluctuations in the El Niño Southern Oscillation (ENSO), including a major El Niño event in 1997-1998 (Wolter and Timlin 1998) and widespread drought (early 1950s and 2000s), provided a useful backdrop for describing variability in fire size and severity of our 20 fires. However, models with greater predictive ability might be achieved by quantifying relationships between severity and changes in snowpack, temperature, and shortterm burning conditions.
Within-Fires Analysis
A major finding of our analysis was that topographic complexity affected severity not only during moderate climates, as predicted, but at some times and places within all of the nine fires (Figure 6 ). This was true for fires during a major drought year (e.g., Cerro Grande and Pumpkin), as well as fires that burned during wetter years (e.g., La Mesa and Poplar-Big-Rose). We were able to identify trends in the data by using a flexible modeling approach, which also proved advantageous in determining the direction of relationships between severity and terrain characteristics along the gradient of topographic complexity.
At low to moderate levels of topographic complexity, the direction of relationships differed between fires. In our topographic model, these levels corresponded to areas that range from flat to moderately sloping. In fire behavior models, fire spread has been shown to increase on gentle and even steep slopes by preheating fuels and increasing flame length (Rothermel 1983). At some fires, then, fire spread and fire severity apparently increased together at low to moderate levels of terrain complexity (including Cerro Grande, Oso, Pumpkin, Viveash, and Poplar-Big-Rose; Figure 6 ). But at other fires, fire severity decreased across the low to moderate range of our topographic gradient (La Mesa, Dome, Outlet, and Saddle Mountain; Figure 6 ). La Mesa was the only fire that exhibited a consistent, monotonic trend in severity across the topographic gradient, even during high winds and hot temperatures (Foxx 1984) . Thus, locations where topography is conducive to fire spread may not produce increased severity.
In addition, we identified thresholds at which the direction of relationships across the topographic gradient changed. Our work represents a first step in quantifying the magnitude of change and the environmental conditions that define these non-linear responses, meeting a recognized need for both research and management (Sonderegger et al. 2009 ). Understanding the range of conditions over which severity changes within large fires is needed to refine spatial models of fire-succession dynamics. Most models currently in use do not include measurements of terrain that explain significant amounts of variation in outcome (Cary et al. 2006) . Our results suggest that experimentation with threshold relationships could prove useful in modeling efforts.
Within our study sites, abrupt shifts in severity often occurred beyond the low to moderate range of complexity (Figure 6 ). Once a threshold occurred, fire severity either decreased (Cerro Grande, Oso, Pumpkin, PoplarBig-Rose) or remained unchanged (Dome, Viveash, Outlet, Saddle Mountain) across the middle to upper levels of topographic complexity ( Figure 6 ). Where severity decreased, rougher terrain could either represent direct barriers to spread, or local environmental constraints on flammability and fuel continuity (Kellogg et al. 2008) . In places where severity remained unchanged, variability in terrain was sometimes low (e.g., Outlet), but extreme burning conditions could have played a role in creating a lack of clear relationship (e.g., Dome and Viveash). Further study is required to unravel key factors at these thresholds of change under diverse climatic and geographic situations.
Management Implications
Managers who work in a particular forest must deal with the variability in fire characteristics that often deviate from averages taken across longer timeframes and large regions (Swetnam and Betancourt 1998) . Understanding variability can provide important evidence for interpreting the non-equilibrium conditions that may accompany climate change (Wallington et al. 2005) . Furthermore, to benefit forest management, the relevance of spatial patterns of fire severity must be judged relative to qualitative changes in ecological processes. That is, how does spatial patterning of severity encourage or inhibit particular functions?
For example, using a simple analysis of spatial patterns of severity and knowledge of seed dispersal capabilities (e.g., Clark and Ji 1995) , managers could identify particular areas where distances from legacy seed sources exceed dispersal capabilities. The influence of distance to seed source on regeneration of ponderosa pine and other species has been shown to persist for decades (Coop and Schoettle 2009 ; S.L. Haire, University of Massachusetts, unpublished data). Although patch size or high severity composition has been emphasized in forecasting fire effects (e.g., Lutz et al. 2009 ), patch configuration is more critical for seed dispersal; patches of large size can range from fairly circular to long and narrow. Similarly, spatial patterns that define connectivity for hydrological processes can be useful in predicting secondary fire effects (e.g., storm runoff; Moody et al. 2007 ). Identifying wildlife habitat for species of concern also benefits from consideration of patch configuration and edge effects defined by spatial patterns of fire severity at relevant scales (e.g., Kotliar et al. 2008 , Roberts et al. 2008 .
Finally, as the fire regime in the southwest evolves in relation to climate change, examination of effects for individual fire events in local management areas could lead to identification of climate contexts in which fires can produce an acceptable range of ecological effects. Data from fires that burn naturally (e.g., at Grand Canyon National Park) are especially valuable for building connections between fire size, severity, and climate. The Poplar-BigRose Fire, which occurred in a moderate La Niña climate (Figure 5 ), met natural resource objectives within study plots that were visited before and after the fire (Fulé and Laughlin 2007) . Understory effects were commonly observed and fire-resistant species, including ponderosa pine, persisted with low rates of mortality. A synthesis of information on forest composition, history of burning, antecedent climate, and fire effects will contribute to increased opportunities for burns that meet management objectives but would otherwise be unwisely suppressed.
